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ABSTRACT
Alignment-free signals in coding sequences provide a scalable route to taxonomic inference, quality control of large phyloge-
nies, and rapid screening of genomic data. We present a model-agnostic framework that represents genomes or coding-sequence 
collections using codon usage (64-D) and codon-pair usage (4096-D) profiles, and we introduce Taxonomic Consistency (TC), 
a simple, rank-aware external index, for evaluating supervised predictions or unsupervised clustering against the hierarchical 
taxonomy. Across multiple taxonomic ranks (e.g., Domain, Order, etc.), compact supervised models and standard clustering 
methods are assessed with both internal (Silhouette) and external (TC) validation. In large-scale experiments, handling class 
imbalance and applying principled normalization had a greater impact on performance than sequence-level preprocessing, and 
codon usage profiles yielded the highest TC and coherent unsupervised structure, while codon-pair features provided comple-
mentary resolution within specific clades. We release open, versioned code and reproducible workflows to facilitate adoption 
in ecological and evolutionary pipelines. Taken together, alignment-free codon and codon-pair representations, paired with TC 
for transparent external validation, offer a practical complement to tree-based methods—especially for rapid screening, sanity 
checks, and exploratory analyses at higher ranks.

1   |   Introduction

Accurate taxonomic inference is fundamental to ecological and 
evolutionary research, from biodiversity surveys to phyloge-
nomic studies. Traditional approaches rely on sequence align-
ment and tree reconstruction methods that, while powerful, face 
computational and methodological challenges when applied to 
large-scale genomic datasets. Alignment-based workflows re-
quire careful gene selection, multiple sequence alignment opti-
mization, and sophisticated phylogenetic reconstruction—steps 
that become computationally prohibitive and sensitive to meth-
odological choices as datasets grow to encompass 1000s of taxa.

The challenge of developing unified taxonomic systems has per-
sisted since Darwin and Wallace first formulated evolutionary 
theory in the mid-19th century (Freeman and Herron  2014). 
Modern taxonomy encompasses multiple systems: Linnaean 
classification based on morphological traits (Schoch  2011), 
evolutionary taxonomy that reconciles overall similarity with 
phylogenetic data, and phylogenetic taxonomy that groups 
organisms strictly by evolutionary descent (Hall  2013; Kapli 
et  al.  2020). Despite advances in cladistics and DNA analysis 
(Allard et al. 2004; Yang and Rannala 2012), unresolved issues 
remain, including differing species concepts, representation of 
reticulate processes like horizontal gene transfer, and conflicting 
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phylogenetic signals (Hey et al. 2003). While phylogenomics has 
improved evolutionary models by integrating genome-scale data 
(Edwards et  al.  2016; Philippe et  al.  2005), computational de-
mands continue to limit scalability.

Recent advances in genomic sequencing have generated un-
precedented volumes of coding sequence data across diverse 
organisms, creating opportunities for scalable, alignment-free 
approaches to taxonomic inference. Codon usage patterns, 
shaped by the interplay of mutation, selection, and genetic 
drift, contain phylogenetic signals that can be leveraged with-
out the computational overhead of sequence alignment. Lin 
et  al.  (2002) demonstrated that ribosomal protein genes ex-
hibit conserved codon composition across species, suggest-
ing functional constraints maintain certain usage patterns 
across taxonomic boundaries. Building on this foundation, 
Miller, McKinnon, Whiting, Kauwe, and Ridge  (2020) pro-
vided compelling evidence that codon pairs are phylogenet-
ically informative, showing that codon-pair usage patterns 
contain hierarchical signals correlating with established tax-
onomic classifications. Their subsequent work revealed that 
codon preferences are largely shaped by phylogenetic history 
rather than purely functional constraints (Miller, McKinnon, 
Whiting, and Ridge 2020).

More sophisticated machine learning approaches have expanded 
codon-based phylogenetic inference capabilities. Hallee and 
Khomtchouk (2023) developed supervised learning methods for 
taxonomic classification using codon usage bias, achieving 91%–
94% accuracy across taxonomic levels with curated orthologous 
gene datasets. Gupta et  al.  (2023) employed parsimony-based 
methods using codon composition data, demonstrating these 
approaches can complement traditional sequence-based phylo-
genetic methods. Recent applications have shown promise for 
identifying organelle origin and taxonomic identity across 1000s 
of organisms (Veisi 2023).

Despite these promising results, existing codon-based methods 
face limitations for large-scale applications. Most approaches 
focus on specific gene sets or require supervised training on 
curated datasets (Hallee and Khomtchouk 2023), limiting their 
scalability and generalizability. Furthermore, existing valida-
tion frameworks often rely on internal clustering metrics that 
may not capture alignment with established taxonomic hierar-
chies, making it difficult to assess performance in biologically 
meaningful terms (Chor and Tuller 2005; Fawcett 2006).

Here we introduce a general, alignment-free framework for tax-
onomic inference that addresses these gaps through genome-
wide codon and codon-pair usage analysis. Our approach 
makes four key contributions: (i) a unified representation using 
both codon usage (64-dimensional) and codon-pair usage 
(4096-dimensional) vectors that captures short-range composi-
tional signals in coding sequences; (ii) a simple external valid-
ity criterion, Taxonomy Closeness (TC), specifically designed 
to evaluate clustering results against hierarchical taxonomic 
structure; (iii) a scalable evaluation protocol that demonstrates 
performance across multiple taxonomic ranks from Domain to 
Order; and (iv) an open, reproducible implementation with ver-
sioned code and standardized workflows suited to ecological 
and evolutionary pipelines.

We evaluate this framework using the FDA Codon and Codon-
Pair Usage Tables (CoCoPUTs) dataset (Alexaki et  al.  2019), 
which provides comprehensive codon statistics across 100s of 
1000s of organisms. This dataset has the potential to disentan-
gle the evolutionary processes that shape the encoding of genetic 
information across diverse lineages, offering valuable insights 
for reconstructing branching patterns in molecular sequence-
based taxonomies (Pawlowski et al. 2005; Fu et al. 2020; Joiret 
et al. 2023).

Our machine learning approaches include Support Vector 
Machines (Su and Zhang  2006), Decision Trees (Pal  2005), 
Random Forests (Peng et  al.  2002), and Logistic Regression 
(Ahmed et al. 2020) for supervised classification, and K-Means 
clustering (Kohonen 1990) and Self-Organizing Maps (Shahapure 
and Nicholas 2020) for unsupervised analysis. Performance eval-
uation combines established metrics (Silhouette index; Yeung 
et  al.  2001) with our novel TC score to assess alignment with 
taxonomic hierarchies. Through both supervised classification 
and unsupervised clustering experiments, we demonstrate that 
alignment-free codon-based representations can achieve strong 
performance while remaining computationally efficient. Our re-
sults show that this approach provides a practical complement 
to tree-based methods, particularly valuable for rapid screening, 
quality control of large phylogenies, and exploratory analyses at 
higher taxonomic ranks.

The framework is model-agnostic and flexible, supporting mul-
tiple machine learning approaches while maintaining com-
putational efficiency essential for large-scale ecological and 
evolutionary applications. By providing standardized tools and 
validation metrics, this work aims to facilitate broader adoption 
of alignment-free methods in the research community, offering 
a scalable alternative for taxonomic inference in an era of rap-
idly expanding genomic datasets.

2   |   Methodology

2.1   |   The Data

We used the FDA Codon and Codon Pair Usage Tables 
(CoCoPUTs) dataset (Alexaki et  al.  2019), which provides 
per-organism codon and codon-pair counts along with NCBI 
Taxonomy annotations (Schoch 2011). Codon usage and codon-
pair usage have been widely used as compositional genomic 
signatures in comparative and alignment-free analyses (Lin 
et al. 2002; Miller, McKinnon, Whiting, Kauwe, and Ridge 2020; 
Miller, McKinnon, Whiting, and Ridge 2020; Gupta et al. 2023). 
We worked from a fixed snapshot (date: 2021-09-01) to ensure 
reproducibility.

We retained entries with valid taxonomic labels at the ranks 
used in this study (Domain, Kingdom, Phylum, Class, and 
Order). Exact duplicates were removed. Because viral taxonomy 
follows distinct conventions and rank coverage differs from cel-
lular life, the main analysis focuses on Archaea, Bacteria, and 
Eukarya. Viral organisms are summarized separately.

GC% was included as a simple, global compositional feature 
for two reasons. First, GC content captures broad mutational 
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biases and genome-wide base composition, which are known 
to covary with codon usage patterns and phylogenetic lin-
eages (Lin et al. 2002; Miller, McKinnon, Whiting, Kauwe, and 
Ridge  2020). Second, using GC% alongside codon and codon-
pair profiles allows us to gauge whether taxonomic signal arises 
purely from detailed codon composition or is partly driven by 
more general GC bias.

GC% is defined here as a relative measure, that is, the propor-
tion of G and C nucleotides among all nucleotides considered, 
rather than a raw count. As such, GC% is largely independent 
of sequence length: genomes of different lengths but with simi-
lar underlying nucleotide composition will exhibit similar GC%. 
Sequence length mainly affects the statistical stability of the es-
timate (shorter sequences yielding noisier GC% values), not its 
definition.

After filtering, the dataset comprised 471,520 genomes in total: 
1415 Archaea, 72,070 Bacteria, 204,895 Eukarya and 194,555 
viruses. Figure  1 visualizes rank distributions for the cellular 
domains.

For each genome we formed the following features in 2 distinct 
datasets:

•	 Codon usage (64-D)– counts of the 64 triplets within an-
notated coding sequences (CDS), converted to relative fre-
quencies by L1 normalization.

•	 Codon-pair usage (4096-D) – L1 normalized counts of adja-
cent codon bigrams within CDS.

Using relative frequencies rather than raw counts yields length-
normalized compositional “signatures” for each genome or 
coding-sequence collection. These signatures describe the 
preferences for particular codons and codon-pairs, which are 
shaped by mutation, selection, and other evolutionary forces and 
are known to differ systematically among taxa. The resulting 
64-dimensional (codon) and 4096-dimensional (codon-pair) fre-
quency vectors form the input features for our supervised clas-
sifiers and clustering algorithms, allowing the models to learn 
taxon-specific patterns in codon usage. Using relative frequen-
cies as features follows earlier work showing that such usage 

patterns embed phylogenetic and functional signal across di-
verse taxa (Lin et al. 2002; Miller, McKinnon, Whiting, Kauwe, 
and Ridge 2020; Miller, McKinnon, Whiting, and Ridge 2020).

To stabilize rare events, we applied an additive pseudo-count 
α = 1 before normalization for both codon and codon-pair 
counts. We also computed simple baselines: GC% and sequence 
length (ORF-weighted).

Finally, we derived per-genome Shannon entropies over the dis-
tributions of codons and codon-pairs using

where pi denotes the relative frequency of codon i(or codon-pair 
i) for a given genome. Thus, H summarizes how “spread out” 
the codon (or codon-pair) usage is: higher values indicate more 
uniform usage across codons, whereas lower values indicate a 
stronger preference for a subset of codons. We used these en-
tropy values as summary statistics of dispersion but did not sub-
stitute them for the full codon or codon-pair distributions in the 
main models.

Unless noted, models consumed normalized frequencies di-
rectly. For algorithms sensitive to feature scale (e.g., SVM, lo-
gistic regression), we applied standardization (zero mean, unit 
variance) per feature using training-set statistics only.

We performed an 80/20 split at the species level so that strains 
of the same species do not appear across training and test sets. 
Splits were stratified by the target rank to mitigate class imbal-
ance at that rank. Because closely related taxa can still induce 
information leakage across fine ranks, we mark family-blocked 
evaluation as future work and report single-split results here. 
When predicting multiple ranks, the split was defined once and 
reused for all ranks to ensure comparability.

2.2   |   Supervised Learning Processing

We implemented four supervised learning algorithms to model 
the relationship between codon/codon-pair distributions and 

H = −
∑

i

pi log pi

FIGURE 1    |    Number of categories for each of the first five ranks, based on NCBI taxonomy. This includes information about viral taxonomy as 
well.
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taxonomic classifications. These methods served as a bench-
mark to assess the strength of the correlation between codon 
and codon-pair distribution data in various species and their 
respective positions in evolutionary taxonomy. We used estab-
lished taxonomic classifications as our target variable, focusing 
on major taxonomic ranks such as domain, kingdom, phylum, 
class, and order.

To achieve this, we employed SVM, Decision Tree, Random 
Forest and Logistic Regression models.

Each of these models was chosen due to its ability to reveal 
other types of hidden correlations between the features and 
the corresponding label. The SVM model was selected for its 
ability to capture potential complex, non-linear relationships 
in the data. Decision Trees were chosen due to their interpret-
ability and capacity to capture hierarchical decision rules, 
which may align well with taxonomic hierarchies. Random 
Forest, an ensemble method, was included to potentially im-
prove upon the performance of individual decision trees and 
to assess feature importance. Logistic Regression, a linear 
model, served as a baseline and allowed us to evaluate the 
presence of linear relationships between codon/codon-pair 
usage and taxonomic classification.

For each model, we performed hyperparameter tuning using 
grid search with cross-validation to optimize performance. 
Thereafter, a comparative analysis of the performance of each 
model was conducted. By employing this diverse set of machine 
learning methods, each with its own characteristics, we aimed 
to gain a comprehensive understanding of the complex relation-
ships between genetic features and evolutionary taxonomy.

Supervised classification was performed across multiple tax-
onomic levels, including Domain, Kingdom, Phylum, Class, 
and Order. The strongest and most consistent predictive perfor-
mance was observed at the Domain level, which informed the 
focus of our unsupervised clustering approach.

2.3   |   Unsupervised Learning Analysis

The underlying assumption is that evolution is a continuous pro-
cess, and as a result, the distribution of codons and codon pairs 
in organisms with evolutionary kinship will exhibit similari-
ties. This forms the basis for employing clustering algorithms to 
identify these similarity groups.

To facilitate a robust comparison and validate the presence of a 
consistent underlying taxonomic substructure through machine 
learning, we employed two distinct unsupervised clustering 
algorithms: K-Means and Self-Organizing Maps (SOM). These 
algorithms were chosen because they operate on different prin-
ciples and are sensitive to hyperparameter and distance metric 
selection, providing complementary perspectives on the data 
structure.

K-Means is a widely used algorithm that partitions observa-
tions into K clusters based on each data point's proximity to 
the cluster centroid, which represents the mean of all points 
in that cluster. The algorithm operates iteratively, assigning 

data points to the nearest cluster and recalculating the clus-
ter centroids until convergence or until a maximum number 
of iterations is reached. The number of clusters, K, is a cru-
cial hyperparameter for this algorithm, and its performance 
is sensitive to both the choice of K and the initial placement 
of the centroids.

SOMs, on the other hand, are unsupervised neural networks 
used for dimensionality reduction and clustering. SOMs main-
tain a topological structure where similar data points are 
mapped to adjacent neurons in the output layer. The neuron 
in the output layer compete to represent the input data, and 
the winning neuron and its neighbors are updated to become 
more like the input. The hyperparameters of SOMs include the 
network architecture (i.e., number of neurons, neighborhood 
function and learning rate), which can significantly impact 
their performance.

2.4   |   Evaluation Metrics

To comprehensively assess the performance of both supervised 
and unsupervised learning models applied to codon and codon-
pair datasets, we utilized a range of evaluation metrics. For the 
supervised learning models, we primarily relied on metrics de-
rived from the confusion matrix, a tabular summary of a mod-
el's classification performance that displays the counts of true 
positives, true negatives, false positives, and false negatives 
(Ahmed et  al.  2020). The main focus was on accuracy, which 
provides an overall measure of correct classifications across all 
taxonomic levels.

For unsupervised learning methods we used the Silhouette 
score (Shahapure and Nicholas 2020) which is a common met-
ric to estimate clustering in terms of cohesion and separation. 
It measures how similar an object is to its own cluster com-
pared to other clusters, in terms of Euclidean distance. The 
score ranges between −1 and 1, where higher values indicate a 
good match of each point to its own cluster and a poor match 
to other clusters.

To assess the similarity between the clustering results and the 
reference NCBI taxonomy, we developed a novel metric called 
TC, an external validation index tailored to hierarchical tax-
onomies. Unlike standard external clustering indices such as 
adjusted Rand index (ARI), normalized mutual information 
(NMI), or purity, which assume a flat label space and treat 
all misassignments as equally severe, TC explicitly incorpo-
rates the structure of the taxonomic hierarchy. It compares 
the homogeneity of each node in the tree by the entropy of its 
ancestor nodes, while relating the corresponding node in the 
reference tree as having full homogeneity. The entropy of all 
leaves is zero. Then, the score of a node j which is one upper 
level in the tree, and that all its ancestors are leaves is calcu-
lated as NE(j) in Equation (1). The TC score is calculated as 
follows:

a.	 For each node in the clustering tree, calculate the Node 
Entropy (NE):

(1)NE = − Σ(p(i) × log(p(i)))
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where p(i) is the probability of species that belong to node i in 
the reference taxonomy being an ancestor of the current node.

b.	 Propagate the NE scores upwards to the root, using a 
weighted sum:

where j represents the taxonomic rank, starting from the lowest 
rank up to rank i, and w( j) is the ratio of species classified under 
rank j compared to the total species under this rank.

The TC score is a non-negative value, with values closer to zero 
indicating higher similarity to the reference taxonomy. Figure 2 
shows an example of two taxonomies: a reference hierarchy 
on the left and a new taxonomy resulting from clustering, on 
the right. In the new taxonomy, categories are distributed 
across branches rather than organized into a distinct subtree. 
Entropy for each branch is calculated based on color distribu-
tion. Different colors denote the distinct parent nodes within 
the reference hierarchy. For example, in branch two, with two 
blue leaves (p = 2/3) and one yellow leaf (p = 1/3), the NE value 
is 0.918. For node 3 with 3 yellow, one blue, and one red ances-
tor, the NE value is 1.371. Node 4, with 2 red, 1 blue, and one 
yellow ancestor, the NE value is 1.5, according to the following 
calculation:

Then, calculating TC score is a weighted sum of these three en-
tropies, which is equal to:

In addition to TC, we report the Silhouette coefficient as a stan-
dard internal clustering index. The Silhouette score evaluates 
the cohesion and separation of clusters in feature space with-
out using taxonomic labels. Together, TC and Silhouette provide 
complementary views: Silhouette assesses the geometric qual-
ity of clusters induced by the alignment-free representations, 

whereas TC assesses how well those clusters respect the hierar-
chical taxonomy at each rank.

The performance of the supervised analysis was measured by 
accuracy, which is a common metric that quantifies the pro-
portion of correct predictions made by classification models. A 
prediction is considered correct when the model accurately clas-
sifies the location of species within the hierarchy subtree.

3   |   Results

3.1   |   Supervised Learning Results

We evaluated the performance of four supervised learning al-
gorithms (SVM, Decision Trees, Random Forests, and Logistic 
Regression) on both codon and codon-pair datasets across dif-
ferent taxonomic ranks. Figure 3 illustrates that the SVM model 
outperformed others, achieving the highest accuracy, which is 
the rate of correct predictions compared to the NCBI taxonomy. 
Notably, the results obtained using codon-pair data surpassed 
those from codon data across all four models. Significantly, even 
on the Order rank, which encompasses 1434 different classes, the 
SVM model attained an impressive accuracy of approximately 
0.92. This remarkable performance suggests that the supervised 
model effectively learned the relationship between the distribu-
tions of codons and codon-pairs, and the corresponding position 
in the evolution taxonomy.

Figure 4 illustrates the confusion matrix in both Domain and 
Kingdom as achieved by the SVM analysis applied to codon 
dataset.

The supervised learning results demonstrated that the Support 
Vector Machine (SVM) model achieved superior performance 
compared to other algorithms across all taxonomic ranks for both 
codon and codon-pair data, while codon data generally produced 
higher accuracy scores than codon-paired data across most mod-
els and taxonomic ranks; furthermore, a consistent decline in 
performance was observed for all models as the taxonomic rank 
progressed from Domain to Order, indicating the greater diffi-
culty of classification at increasingly specific taxonomic levels.

(2)TC(i) = Σ(w(j) ×NE(j))

NE(2) = − 0.33 × log 0.33 − 0.67 × log 0.67 = 0.918

NE(3) = − 0.6 × log 0.6 − 2 × 0.2 × log 0.2 = 1.371

NE(4) = − 2 × 0.25 × log 0.25 − 0.5 × log 0.5 = 1.5

TC = (3∕12) ×NE(2) + (5∕12) ×NE(3) + (4∕12) ×NE(4) = 1.301

FIGURE 2    |    Depiction of two different taxonomy trees. On the left, we present an example of a reference taxonomic tree, and on the right is a tax-
onomic tree as constructed by our codon/codon-pair analysis. The colors signify the different parent nodes in the reference hierarchy. This is used to 
explain the TC score calculation within the text.
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3.2   |   Unsupervised Learning Results

Two unsupervised clustering algorithms, K-Means and SOM, 
were applied to both codon and codon-pair datasets. The result-
ing clusters were evaluated using the Silhouette score and our 
novel TC score. These algorithms were executed with a vary-
ing number of clusters in the range 2–8, to explore the inherent 
structure within the data. The quality and validity of the result-
ing clusters were assessed using two distinct evaluation metrics: 
the Silhouette and the newly proposed TC score. The outcomes 
of these clustering experiments are presented in Figure 5. The 
Silhouette score measures the compactness and separation 
of clusters, while the TC score evaluates the correspondence 
between the identified clusters and the known taxonomic 

classifications. The Silhouette ranges between −1 and 1, where 
closer to 1 is considered better clustering. The TC can be any 
positive number, where the clustering is better closer to zero.

As shown in Figure 5, Silhouette scores summarize the geomet-
ric cohesion and separation of clusters in codon and codon-pair 
feature space, while TC indicates how these clusters align with 
the known taxonomy. Consistently high TC together with rea-
sonable Silhouette values indicate that the alignment-free fea-
tures form both geometrically meaningful and taxonomically 
coherent structures.

Figure  6 presents the clustering outcomes based on codon 
frequencies (lower) and codon-pair frequencies (upper). The 

FIGURE 3    |    Supervised model accuracy for codon (left) and the codon-pairs (right) datasets. Accuracy is reported here for every model at the first 
five taxonomic ranks.

FIGURE 4    |    Confusion matrix for domain (left) and kingdom (right) ranks applied to the codon dataset.
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codon-based clustering exhibits clearer biological structure, 
with distinct clusters predominantly corresponding to known 
Domains: Cluster 2 largely captures Archaea and Bacteria, 
Cluster 3 represents Viruses, and Cluster 4 aligns with 
Eukaryota. Notably, this separation emerges despite the model 

being unsupervised and receiving no taxonomic input. In 
contrast, the clustering based on codon-pair data appears less 
distinct, which may indicate that the higher-dimensional codon-
pair features introduce complexity that the algorithm struggles 
to interpret effectively. These findings suggest that codon usage 

FIGURE 5    |    This figure presents the TC (left) and Silhouette score (right) for K-Means and SOM clustering on both codon and codon-pair data, 
across different numbers of clusters (K).

FIGURE 6    |    Clustering results of codon (lower) and codon-pair (upper) data. Each bar represents the number of species assigned to a domain 
based on Linnean taxonomy—the shading represents the proportion of these species which are assigned to each cluster generated from codon/codon-
pair data. Codon clustering shows clearer domain separation. Archaea results are shown separately due to limited species.
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alone encodes biologically meaningful patterns that align with 
high-level taxonomic classifications.

Our clustering quality analysis revealed several important pat-
terns. Codon-pair data consistently yielded higher Silhouette 
scores compared to codon data for both K-Means and SOM clus-
tering, indicating better-defined clusters. Interestingly, codon 
data consistently produced lower TC scores, suggesting higher 
similarity to the NCBI taxonomy compared to codon-pair data 
across both clustering methods. K-Means clustering generally 
produced slightly higher Silhouette scores and lower TC scores 
than SOM, though these differences were minimal. We also 
observed that Silhouette scores decreased as the number of 
clusters increased, indicating that smaller numbers of clusters 
resulted in more distinct and well-separated groupings.

4   |   Discussion and Conclusions

Our alignment-free framework demonstrates strong perfor-
mance for taxonomic inference across multiple hierarchical 
levels, with several key findings relevant to ecological and evo-
lutionary applications. Across taxonomic ranks from Domain 
to Order, supervised classification performed well, and the su-
perior performance of linear models over tree-based approaches 
suggests that linear combinations of codon and codon-pair 
features are more predictive than complex non-linear relation-
ships, supporting the framework's computational efficiency.

The consistently superior performance of codon-pair fea-
tures (4096-dimensional) over individual codon usage 
(64-dimensional) across both supervised and unsupervised 
tasks highlights the importance of sequential context in ge-
nomic signatures. This finding has practical implications for 
method selection: while codon usage provides valuable infor-
mation with lower computational overhead, codon-pair analysis 
captures additional evolutionary constraints related to transla-
tional efficiency, mRNA structure, and regulatory mechanisms 
that improve taxonomic resolution.

The TC metric successfully captures alignment between unsuper-
vised clustering results and established hierarchical taxonomy, 
indicating substantial concordances with NCBI classifications 
at broader ranks. However, TC scores decrease as cluster num-
bers increase, confirming the hierarchical nature of evolution-
ary relationships and suggesting optimal performance at higher 
taxonomic levels. The divergence between high Silhouette scores 
(indicating well-defined clusters) and variable TC scores reveals 
that codon-based clustering may capture biological signal not 
fully represented in current taxonomic frameworks.

Our methodology faces several acknowledged limitations that 
affect broader applicability. Variability in genome assembly 
completeness within large-scale databases introduces het-
erogeneity that may influence codon statistics and clustering 
behavior. The framework currently does not address missing 
or partial genomic data common in transcriptomic studies, 
though it performs robustly on curated, analysis-ready genomes. 
Additionally, our focus on nuclear genomic data excludes organ-
ellar genomes with distinct evolutionary histories and codon 
usage patterns.

The framework's computational efficiency represents a signifi-
cant advantage for large-scale applications. Unlike alignment-
based approaches that require intensive sequence alignment 
and tree reconstruction, our method scales linearly with dataset 
size while maintaining consistent performance. This scalability 
is particularly valuable for quality control applications in phy-
logenomic pipelines, where rapid screening of 1000s of taxa can 
identify potential misclassifications or contamination before 
computationally expensive analyses.

The recursive application potential of our hierarchical clustering 
approach addresses taxonomic resolution beyond the Domain-
to-Order scope demonstrated here. The strict hierarchical struc-
ture of biological taxonomy allows iterative refinement within 
taxonomic groups, enabling species-level classification through 
successive clustering steps. This recursive strategy could be par-
ticularly valuable for ecological surveys requiring fine-scale tax-
onomic resolution.

This work contributes three key methodological advances to the 
ecological and evolutionary toolkit. First, the unified codon/
codon-pair representation provides a standardized approach 
for genomic signature analysis that is independent of gene se-
lection and alignment quality. Second, the TC validation metric 
offers an external criterion specifically designed for evaluating 
clustering results against established taxonomic hierarchies, ad-
dressing a significant gap in validation frameworks. Third, the 
open, reproducible implementation with versioned workflows 
facilitates adoption across diverse research applications.

Future methodological development could address current lim-
itations through several approaches. Integration of additional 
genomic features such as gene synteny, regulatory elements, or 
conserved neighborhoods could enhance taxonomic resolution. 
Development of robustness assessments under simulated data 
loss would evaluate performance with incomplete genomic data. 
More sophisticated hierarchical classification metrics could re-
fine the quantification of taxonomic similarity beyond the cur-
rent TC implementation.

We present a scalable, alignment-free framework for taxonomic 
inference that effectively leverages codon and codon-pair usage 
patterns as phylogenetic signals. The framework demonstrates 
strong performance across multiple taxonomic levels while 
maintaining computational efficiency essential for large-scale 
ecological and evolutionary applications.

This approach provides a practical complement to traditional 
tree-based phylogenetic methods, particularly valuable for rapid 
screening, quality control, and exploratory analysis of large 
genomic datasets. This role of alignment-free compositional 
methods as scalable complements to alignment-based phyloge-
netics has also been highlighted in prior work on large genomic 
datasets (Hall  2013; Kapli et  al.  2020; Chor and Tuller  2005). 
The open implementation and standardized workflows support 
broader adoption in research pipelines where computational ef-
ficiency and scalability are paramount.

As genomic datasets continue to expand, alignment-free ap-
proaches will become increasingly valuable for preliminary anal-
ysis, hypothesis generation, and large-scale taxonomic screening. 
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The demonstrated effectiveness of codon-based features suggests 
broader potential for compositional approaches to phylogenetic in-
ference, opening avenues for further methodological development 
in computational phylogenetics and evolutionary genomics.
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